There are inherent flaws to relying on p-values, or statistical significance, when assessing intervention effectiveness. Perhaps the biggest limitation to reporting and discussing statistically significant findings is that they do not necessarily translate to improvements that are perceptible or meaningful to patients. This opinion piece urges researchers to go beyond the prevailing standard of reporting p-values by using additional approaches that approximate clinical relevance; specifically anchor-based and distribution-based methods. To this end, we discuss the relative strengths and weaknesses of each method, and how they can not only be incorporated into existing data analyses but also inform future research design.
Introduction
In healthcare research, p-values are the standard for determining intervention effectiveness, but should they be? While p-values indicate statistical significance, or the likelihood of obtaining a result (or a more extreme result) given that the null hypothesis is true, they do not show the strength of relationships (effect size), or indicate whether effects are meaningful (clinical relevance) (Kraemer et al., 2003) . A further shortcoming of p-values is that they are heavily influenced by sample size, in which a minuscule to small intervention effect can become statistically significant as the sample size increases (Lin et al., 2013) . Lastly, outcomes with smaller p-values (for example, p < 0.01) are often misinterpreted as being more significant than those with relatively larger p-values (for example, p < 0.05) (Kraemer et al., 2003) .
For decades, researchers have argued in favor of alternative approaches to p-values for determining clinical relevance (for example, Cohen, 1992; Freeman, 1993; Jacobson et al., 1984; Jacobson and Truax, 1991; Ziliak and McCloskey, 2008) . In occupational therapy research, other than reporting effect size consistently, these approaches have yet to take hold. In this opinion piece we question whether p-values should be the only indicator of intervention effectiveness. After surveying alternative approaches of approximating clinical relevance and examining their relative strengths and weaknesses, we urge occupational therapy researchers to move beyond p-values and include additional analyses of their data to ascertain whether or not they have observed something clinically meaningful.
What is clinical relevance? Copay and colleagues (2007) aptly point out that in healthcare research a statistically significant difference may have little or no importance to the health or quality of life of patients. They describe a clinically important difference, which we refer to as clinical relevance, to be a change considered meaningful or worthwhile by the patient, such that the patient would consider repeating the intervention if given the choice (for a more thorough discussion, see Jacobson et al., 1984 and Jaeschke et al., 1989) . To establish whether research findings are clinically relevant, two main approaches are indicated in the literature: anchor-based and distribution-based methods. Other methods of addressing clinical significance, such as implementation science and mixed methods, are not within the scope of this opinion piece.
Anchor-based methods for approximating clinical relevance
Anchor-based methods compare changes in patientreported outcomes with some other measure of change, often referred to as an external criterion or anchor. This comparison establishes a minimal clinically important difference (MCID) value, or the smallest change score on a particular measure that patients would perceive as beneficial (Jaeschke et al., 1989) . For example, to determine the MCID value for the Barthel Index (BI), Hsieh et al. (2007) compared changes in BI score pre and post intervention to a 15-point Likert scale measuring patients' perceptions of the magnitude of change they experienced in activities of daily living (ADL) function (anchor). Patients were divided into three groups based on their reported functional changes on the Likert scale post intervention (no change group ¼ 0 or 1 Likert rating; MCID or minimal change group ¼ 2 or 3 Likert rating; moderate to large change group ¼ 4 to 7 Likert rating). Next, the mean change scores on the BI were calculated for each Likert group. The resulting MCID value of 1.85, which is the mean BI change score for the MCID or minimal change group, indicated that, on average, patients experienced a clinically important change in ADL function when their BI scores increased by 1.85 or higher. By linking changes in assessment results to a meaningful external anchor, anchor-based methods provide a ''real-life'' sense to research findings that would otherwise remain elusive. Unfortunately, few researchers collect or possess data on external anchors.
Distribution-based methods for approximating clinical relevance
Distribution-based approaches compare changes in patients' scores with some measure of variability, such as standard error of measurement (SEm) or standard deviation (SD) (Copay et al., 2007) . These measures of variability yield a threshold value of change, often referred to as the minimum detectable change (MDC) (Beaton, 2000) , that represents the smallest change that can be considered above measurement error. But the question remains, does surpassing measurement error lead to meaningful outcomes? While distribution-based methods often take into account test-retest reliability and measurement error, the MDC value they yield does not necessarily indicate tangible real-life improvements for the client, as there is no anchor. Nevertheless, they set a higher bar for significance than the already established p-value, and thus deserve a place in the armamentaria of occupational therapy researchers.
There are numerous distribution-based methods for approximating clinical relevance when anchor-based data are not collected. In this article, we discuss three such methods: effect size, SEm, and the fragility index (for a review of additional methods, see Copay et al., 2007) . To illustrate their use, Table 1 presents a simulated intervention with treatment and control groups, where the Beery Buktenica Developmental Test of Visual-Motor Integration (VMI) is used as an outcome measure, and the treatment group has experienced a statistically significant improvement in VMI scores.
Effect size
Effect size quantifies the strength of the relationship between the independent variable and the dependent variable (Kraemer et al., 2003) . A popular measure of effect size, Cohen's d, is calculated post intervention. The equation d ¼ ðm 1 À m 2 Þ=SD pooled involves taking the difference between the means of two groups and dividing that difference by the pooled SD of both groups, where pooled SD for equal sample sizes is represented by the following equation:
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ðSD 2 1 þSD 2 2 2 q . Cohen's d ranges from minus to plus infinity but is commonly less than 1 in healthcare research. Although effect size is relative, Cohen (1992) operationalized effects as small (d ¼ 0.2), medium (d ¼ 0.5), and large (d ¼ 0.8), where a medium effect is a change visible to the naked eye of the careful observer. In the occupational therapy literature, we argue that effect sizes should be reported for all significant findings, and small effects should be treated with skepticism in terms of clinical relevance. See Table 1 for an example of how to report effect size, and note that the effect for the treatment group is below the cutoff for small.
Standard error of measurement
SEm is an estimate of the reliability of an obtained score on a given assessment. SEm is calculated by subtracting the test-retest reliability of the assessment (r coefficient or intraclass correlation coefficient) from 1, taking the square root of that difference, and multiplying the square root by the standard deviation of the test scores Cohen's d is calculated as (96.29 -94.63)/11.61 ¼ 0.143. Because the control group did not experience a statistically significant change, no effect size is provided. c Only one subject must be omitted to obtain a p-value greater than 0.05; the subject is the most extreme improver, moving from 99 at pretest to 134 at posttest.
SEm is often used to create a confidence interval (CI) around the obtained score to arrive at a sense of a person's true score, or true ability (X AE SEm) (Harvill, 1991) . One-SEm corresponds to a 68% CI, whereas two-SEm corresponds to a 95% CI.
The following clinical example illustrates how SEm is used to determine intervention effectiveness: A child received a score of 70 on the VMI, which has a SEm of 5. We can be reasonably sure (68% CI) the child's true score falls between 65 and 75 (70 AE 5). If the child is given the VMI after receiving a 12-week intervention and receives a score of 82, we can then create another CI to determine if the child's improved score was likely due to real change or measurement error. In this example, the child's new CI is 77-87 (82 AE 5). Because the two CIs do not overlap, we can be reasonably sure that the improved score is not due to measurement error. What we do not know is the cause of the child's improved score and how the improvements on the assessment impact the child's daily life, if at all.
Another way to use SEm values is to quantify the numbers of individuals who improve, decline, and remain stable. With this in mind, we can use either one-or two-SEm as a MDC threshold value that indicates change beyond measurement error. This approach shows whether intervention effects surpass the MDC created using the SEm, and by considering decliners as well, the approach can show symmetrical change that may indicate regression to the mean, which has nothing to do with meaningful clinical change.
In Table 1 , note that the numbers of improvers and decliners are relatively symmetrical in the control group, and the one-SEm improvers are similar between the treatment and control groups. Also note that the majority of children, in both groups, remain within one-SEm. The important difference, which provides the answer to how the data were generated, is that the treatment group had a much higher number of two-SEm improvers. In fact, in terms of data generation, the only difference between the groups is that the amount of improvement in the treatment group was exaggerated, whereas the pretest-posttest difference in the control group is simply a function of chance.
Fragility index
The fragility index, proposed by Walsh and colleagues (2014) , helps identify the number of events required to change statistically significant results to non-significant results. Our modified version is calculated by iteratively removing participants that were extreme improvers and then recalculating the two-sided p-value, continuing until the p-value exceeds 0.05. The required number of omitted subjects to lose statistical significance is the fragility index. A fragility index of 3, for example, indicates that removing only three subjects from the sample leads to a finding that is no longer statistically significant. Otherwise said, as few as three subjects were essentially driving the statistically significant findings of the study. This is particularly meaningful when you have a low fragility index and a large sample size, suggesting that the intervention was only effective for a few, if any participants. Table 1 shows that the omission of only one subject leads to non-significance, suggesting that the results are very fragile. If this was our intervention, we would be skeptical of its effectiveness broadly speaking, as it appears a small number of individuals are driving the statistical significance. We would next want to scrutinize the extreme improvers in the treatment group to determine whether it was plausible that their improvement was related to the intervention.
Conclusion
Statisticians and researchers have long argued for the consideration of alternatives to p-values, yet the use of anchors and distribution-based approaches is still relatively rare in healthcare literature and all but nonexistent in the occupational therapy literature. To provide a deeper understanding of intervention effects, we ask occupational therapy researchers to collect data on anchors, particularly when it is unclear what improvements in assessments would actually mean for the daily lives of patients. Given the relative ease of reporting effect size, fragility, and improvers and decliners using SEm, we strongly urge occupational therapy researchers to include all three methods when reporting intervention effects. We believe the distribution-based methods discussed in this opinion piece provide a basis for a more thoughtful discussion of intervention effects than do p-values alone.
